In this paper, we model cash flow and consumption growth rates as a vectorautoregression (VAR), from which we measure the response of cash flow growth to consumption shocks. As the appropriate cash flow proxy is not unambiguous, nor likely to be measured without error, we consider three alternatives for portfolio cash flows: cash dividends, dividends plus repurchases and corporate earnings. We find that the long-run exposure of cash flows to aggregate consumption risk can justify a significant degree of the observed variation in risk premia across size, book-to-market, and industry sorted portfolios. Also, our economic model highlights the reasons for the failure of the market beta to justify the cross-section of risk premia. Most importantly, our results indicate that measured differences in the long-run exposures of cash flows to aggregate economic fluctuations as captured by aggregate consumption movements contain very valuable information regarding differences in risk premia. In all, our results indicate that the size, book-to-market and industry spreads are not puzzling from the perspective of economic models.
Introduction
The focus of this paper is to characterize the systematic sources of priced risks in the crosssection of returns from the perspective of general equilibrium models by appealing directly to the information embedded in the assets' cash flows. The empirical work of Singleton (1982, 1983) underscores the importance of consumption risks in understanding risk premia. A consistent implication of these consumption based models is that the link between cash flows and aggregate consumption is a key input in determining an asset's exposure to and compensation for risk. Our approach emphasizes the long-run links between cash flows and consumption, and shows that this relation is empirically important for interpreting risk premia.
We concentrate on characterizing the sources of risk inherent in size, book-to-market, and industry sorted portfolios. These portfolios have been at the center of the asset pricing literature over the past two decades. These sorts produce economically meaningful risk premia; from 1949 through 2001, size sorted decile portfolios generate premia of 0.87% per quarter, book-to-market sorted portfolios generate premia of 1.51% per quarter, and industry groupings produce a spread of 0.83% per quarter. As the empirical literature has shown, the return premia of these dimensions pose a considerable challenge to economic models.
We explore the sources of these differences in average returns by examining the implications of a general economic model. In this model, returns are assumed to be generated by realized shocks to current and expected future cash flow growth. Further, asset cash flows are explicitly linked to the dynamics of aggregate consumption. In this setting, we show that differences in the long-run response of cash flows to a unit consumption shock (i.e., the cash flow beta) should explain cross-sectional variation in risk premia. When we additionally allow risk premia to fluctuate, we highlight some of the reasons why the usual market beta of an asset may fail to capture differences in risk premia across assets.
A key dimension of this paper is the measurement of long-run cash flow exposures to economic fluctuations. We model the consumption and cash flow growth rate dynamics as a vector autoregression (VAR). The cash flow beta for a given asset can be obtained from this VAR as the response of cash flow growth to a unit shock in consumption. Using only cash dividends, the first paper to focus on the empirical measurement of cash flow betas, Bansal, Dittmar, and Lundblad (2001) , argues that covariation between dividend growth 1 rates and consumption at long lags provides sharp information regarding risk premia on assets. In contrast to their paper, we provide the joint transition dynamics of cash flows and consumption in order to measure the cash flow betas. Since the appropriate cash flow associated with an equity claim is not unambiguous, we also estimate these relationships across three alternative candidate measures for cash flows: cash dividends, dividends plus repurchases, and corporate earnings. Further, it is also likely that observed cash flows are affected by high-frequency noise and corporate payout management. Hence, we determine whether long-run economic risk estimates are robust across several reasonable empirical candidates for equity payouts and the degree to which they are affected by high-frequency noise in their measurement. Additionally, we examine the links between cash flow betas and market betas, and analyze the reasons for the failure of standard market betas to capture risk premia across assets. Finally, we incorporate industry portfolios in our analysis, which pose their own unique empirical challenges as documented in Fama and French (1997) .
As predicted by the theory, we find that the prices of risk associated with cash flow exposures to long-run economic risks are highly significant and positive across all three cash flow measures. To confirm our statistical inference, we conduct Monte Carlo experiments to examine the finite sample distribution of the price of risk and the cross-sectional R 2 . This finite sample distribution accounts for estimation error in the VAR dynamics of consumption and dividend growth. For instance, the point estimate for the price of cash flow (for cash dividends) beta risk is 0.079, and highly significant, with an adjusted cross-sectional R 2 of 53%. Most importantly, we demonstrate that the component of the cash flow beta associated with the long-run exposure of cash flows to aggregate consumption fluctuations is the key parameter in explaining cross-sectional variation in observed premia. While the effects are somewhat less pronounced for the other two cash flow measures, this observation is robust, suggesting that both cash flow risk is a key component determining asset prices and can be detected by focusing on the long-run relationships between cash flows and the economy.
We present a model based on Epstein and Zin (1989) preferences, similar to that developed in Bansal and Yaron (2002) . This model highlights the conditions under which the long-run cash flow exposure to aggregate risk will explain the cross-section of risk premia.
Further, it also provides insights into the failure of the market betas to capture cross-sectional risk premia. In this model, asset returns are driven both by cash flow news and changing risk premia; the risk premium fluctuates due to changes in aggregate economic uncertainty (i.e., consumption volatility). The result is that the cross-section of risk premia is determined both by an asset's cash flow beta and its beta with respect to news about aggregate risk premia. The standard market beta is a weighted combination of these different betas, where each of these sources of risk bears a different price. Consequently, the market beta may fail to explain the cross-section of risk premia. The message implied by this evidence is that the cash flow beta is an important source of risk in isolation, and explains a considerable degree of the cross-sectional variation in observed risk premia.
In all, our empirical evidence indicates that the long-run exposure of cash flows to movements in the aggregate economy, as measured by consumption, contains very valuable information regarding differences in risk premia across assets. Cash flow streams that have larger exposure to aggregate consumption news also offer higher risk premia across several alternative cash flow measures. The work of Lettau and Ludvigson (2001) and Jagannathan and Wang (1996) highlight alternative channels for explaining differences in risk premia across assets. Our work augments the understanding of the determinants of risk premia by focusing on the links between cash flows and consumption.
The remainder of this paper is organized as follows. In section 2, we discuss the model for cash flow betas when discount rates are constant. Our strategy for estimating these betas is discussed in section 3. Section 4 discusses the empirical evidence. We analyze the economic implications of our framework in section 5. Section 6 provides concluding remarks.
Cash flow Betas
In this section, we provide the arguments that motivate our cash flow beta. For any asset i, consider the Campbell and Shiller (1988) linear approximation for the log return, r i,t = ln(1 + R i,t ) = ln(P i,t + D i,t ) − ln(P i,t−1 ):
where pd i,t = ln(P i,t /D i,t ) is the log price-cash flow ratio, g i,t the log cash flow growth rate, and r i,t the log return (κ i,0 and κ i,1 are parameters in the linearization). At this point, we abstractly interpret the cash flow, D i,t , as the general payout to which the equity holder has claim. Empirically, there are important considerations associated with measuring equity cash flows, and this is one of the key issues we address in this paper (see Section 3).
Under this approximation (1), one can derive the following present value implication for the log price-cash flow ratio assuming the usual transversality condition holds:
Further, if we assume that expected returns are constant through time, the return innovation can be expressed as follows:
Note that the case for which expected returns and expected cash flow growth rates may vary is considered in section 5.
Cash Flow Dynamics
To determine the long-run cash flow exposures to aggregate economic (consumption) shocks, we first must characterize the dynamic processes for consumption and cash flows. Log consumption growth, g c,t , is assumed to follow an AR(J) process
and (log) cash flow growth rates follow
where ζ i,t is uncorrelated with consumption innovations as stated above. Importantly, b i measures the contemporaneous relationship between consumption and cash flow shocks, whereas, k=K k=1 γ i,k measures the long-run relationship between consumption and future cash flow growth rates. This distinction will be very important in our empirical analysis, as contemporaneous relationships may be contaminated by measurement error, whereas the long-run 4 relationships (which are closely related to cointegration) are not (see Bansal, Dittmar, and Lundblad (2001) ). Without loss of generality assume that K ≥ J.
To characterize the evolution of the system, let 1 + (K + L) = q. The q × 1 vector z t is
The dynamics of consumption and cash flow growth can then be expressed as
where A and G are q × q matrices. Note that consumption feeds into the future dynamics of cash flows, but cash flows do not feed back into consumption. The q × 1 vector u t has its first elements as ζ i,t and its last element as η c,t ; all other elements of u t are zero.
To account for the linearization effect of κ 1 , we define the matrix A κ as κ 1 A. From equation (3), it follows that e r i ,t is the first element of the matrix
The cash flow beta, β i,t , equals the first element of [I − A κ ] −1 Gι, where ι has an element one corresponding to the consumption innovation and zero elsewhere. Note that the return innovation is
where β i,d η c,t is the return response to aggregate consumption news and ζ i,t represents the cash flow news specific to the asset. Note also that ζ i,t and η c,t are uncorrelated. β i,d is determined by the reaction of the infinite sum of cash flow growth rates to consumption news; that is, the accumulated impulse response of cash flow growth rates to a unit consumption shock. We call β i,d the cash flow beta. In other words, this beta provides the response of the present value of future cash flow growth to a unit consumption shock.
To gain some intuition into what this risk measure captures, note that, for exposition, the cash flow beta with K = L = J = 1 is
5 which reflects both the contemporaneous correlation between cash flow and consumption shocks, b i , and the long-run exposure of current consumption growth on future dividends, γ i . In general, the cash flow beta for asset i will be
. This expression measures the average covariance between cash flow growth and the lagged, K-period smoothed growth rate of consumption, and is what we employ in practice.
Next, we explore the ability of the estimated cash flow beta to explain the cross-sectional variation in observed average returns for market capitalization, book-to-market ratio, and industry sorted portfolios (30 portfolios in all). In section 5, we provide detailed economic motivation for why the cash flow beta should explain the cross-sectional differences in risk premia. This motivation leads to the specification
In equation (11), R i,t are the observed returns for asset i. The cross-sectional price of risk parameters λ 0 and λ c , as shown in section 5, are determined by preference parameters. The above equation imposes the restriction that the differences in average returns across assets reflect differences only in β i,d . This structure will form the baseline for our empirical analysis. However, as mentioned, we are concerned that high-frequency measurement noise and corporate payout management might affect the measured contemporaneous relationships. In contrast, we conjecture that the cash flow exposures to economic risk, γ i , are robust to these considerations. Hence, in addition to cash flow beta, we also estimate the cross-sectional regression, (11), separating the contribution of the long-run risk exposures, γ i , and the contemporaneous covariances, b i . Note, if you assume that b i = 0 in equation (10), the β i,d is a simple function of γ i , and they contain the same cross-sectional information; under this assumption, cross-sectional R 2 will be identical (ignoring the approximation constants). Finally, we will subsequently explore the pricing implications of the cash flow beta in relation to standard CAPM market betas. 
Portfolio Menu
We consider portfolios formed on firms' market value, book-to-market ratio, and industry classification. Our rationale for examining portfolios sorted on these characteristics is that size and book-to-market based sorts are the basis for the factor model examined in Fama and French (1993) . Additionally, industry sorted portfolios have posed a particularly challenging feature from the perspective of systematic risk measurement (see Fama and French (1997) ).
We focus on one-dimensional sorts on these characteristics as this procedure typically results in over 150 firms in each decile portfolio which facilitates a more accurate measurement of the consumption exposure of cash flows; it is important to limit the portfolio specific variation in cash flow growth rates, and a larger number of firms in a given portfolio helps achieve this.
Market Capitalization Portfolios
We form a set of value-weighted portfolios on the basis of market capitalization. The set of all firms covered by CRSP are ranked on the basis of their market capitalization at the end of June of each year using NYSE capitalization breakpoints. In Table 1 , we present means and standard deviations of market value-weighted returns for size decile portfolios.
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The table displays a significant size premium over the post-war sample period; the mean real return on the lowest decile firms is 3.14% per quarter, contrasted with a return of 2.27% per quarter for the highest decile. The means and standard deviations of these portfolios are similar to those reported in previous work.
Book-to-Market Portfolios
Book values are constructed from Compustat data. The book-to-market ratio at year t is computed as the ratio of book value at fiscal year end t − 1 to CRSP market value of equity at calendar year t − 1. 1 All firms with Compustat book values covered in CRSP are ranked on the basis of their book-to-market ratios at the end of June of each year using NYSE book-to-market breakpoints. Sample statistics for these data are also presented in Table 1 . The highest book-to-market firms earn average real returns of 3.76% per quarter, whereas the lowest book-to-market firms average 2.25% per quarter.
Industry Portfolios
Value-weighted industry portfolios are formed by sorting NYSE, AMEX, and NASDAQ firms by their CRSP SIC Code at the beginning of each month. Industry definitions follow those in Fama and French (1997) . We specifically utilize definitions for ten industries: i1, consumer nondurables, i2, consumer durables, i3, oil, gas, and coal extraction, i4, chemicals and allied products, i5, manufacturing, i6, telephones and television, i7, utilities, i8, wholesale and retail, i9, financial, and i10, other.
2 Sample statistics for these data are also presented in Table 1 . The mean real returns range from 2.04% for the Financial industry to 2.87% for Durable goods.
Measuring Cash Flows

Portfolio Cash Dividends
To measure the cash flow beta, we also need to measure the portfolio-specific cash flows described in the previous section. For our first candidate measure we extract the cash dividend payments associated with each portfolio discussed in the previous section. Our construction of the dividend series is the same as that in Campbell (2000) . Let the total return per dollar invested be
where h 1,t+1 is the price appreciation and y 1,t+1 the cash dividend yield (i.e., cash dividends at date t + 1 per dollar invested at date t). More clearly stated, h 1,t+1 represents the ratio of the per dollar value of the portfolio at time t + 1 to time t,
, and y 1,t+1 represents the per dollar cash dividends paid by the portfolio at time t + 1 cash divided by per dollar value at time t,
. We directly observe both R t+1 and the price gain series h 1,t+1 for each portfolio; hence, we construct the cash dividend yield as
The level of the cash dividends we employ in the paper is extracted as follows
where
with V 1,0 = 100. Hence, the cash dividend series that we use, D 1,t , corresponds to the total cash dividends given out by a mutual fund at t that extracts the cash dividends and reinvest the capital gains. The ex-cash dividend value of the mutual fund is V 1,t and the per dollar total return for the investors in the mutual fund is
which is precisely the reported CRSP total return for each portfolio.
Dividends and Repurchases
It is important to note that the payout strategy described above is only one of an infinite number that would be consistent with the reported CRSP total returns, R t+1 , on these portfolios. Additionally, given the surge in repurchase activity over the latter third of our sample, we consider an alternative measure for the payouts to equity shareholders that incorporates a candidate measure for repurchases. Unlike previous research (see, for example, Jagannathan, Stevens, and Weisbach (2000) and Dittmar and Dittmar (2003) ), we do not collect the reported repurchase activity from Compustat. Instead, our repurchases measure employs the information presented only in CRSP, but has the advantage of being completely consistent with the reported total return.
Denote the number of shares (after adjusting for splits, stock dividends, etc. using the CRSP share adjustment factor) as n t . We construct the following adjusted capital gain series.
Note that this "capital gain" series will coincide with the CRSP capital gain series (ret x ) associated with cash dividend payouts if (
) is greater than or equal to one. That is, if the firm issues new shares or has no change in shares outstanding then the capital gain will be identical to h 1,t above. Only if there is a reduction in the number of shares, which is highly correlated with reported share buy-backs, will the ratio (
) be less than one.
In this case, the CRSP capital gain series will be adjusted downwards to account for the additional payout associated with any share repurchases. Hence, h 2,t+1 , the adjusted capital gain, is strictly less than or equal to the usual CRSP capital gain series.
Given the adjusted capital gain series h 2,t , the total payout (cash dividend plus repurchases) yield, denoted y 2,t , is computed by R t − h 2,t . As above, the payout level (cash dividends plus repurchases) is computed as
with V 2,0 = 100. As above, the ex-payout (cash dividend plus repurchases) value is V 2,t and the per dollar return for the investors in the mutual fund is
which, as for the cash dividend case above, is exactly consistent with the reported CRSP total return R t+1 .
We construct the level of cash dividends, D 1,t , and dividends plus repurchases, D 2,t , for the size, book-to-market, and industry portfolios on a monthly basis. From this series, we construct the quarterly levels of dividends by summing the cash flows within the period under consideration. As these payout yields still have strong seasonalities at the quarterly frequency, we also employ a trailing four quarter average of the quarterly cash flows to construct the deseasonalized quarterly dividend series. This procedure is consistent with the approach in Hodrick (1992) , Heaton (1993) , and Bollerslev and Hodrick (1995) . These series are converted to real by the personal consumption deflator. Log growth rates are constructed by taking the log first difference of the cash flow series. Statistics for the annual cash dividends and dividend plus repurchases growth rates of the portfolios under consideration are presented in Table 1 .
It is likely that this approximated measure of repurchase activity will differ somewhat from the reported Compustat measures. In Figure 1 , we present actual US$ amounts for cash dividends and repurchases, separately, for the aggregate US market (NYSE, AMEX, and NASDAQ) from 1949 through 2001. As can be seen, prior to the early 1980's, the repurchases series is effectively zero, as share repurchase activity did not make up a significant component of payout strategy. However, repurchase activity picks up sharply in the mid-1980's through the present, but does display a strong cyclical pattern, dropping off significantly in the early 1990's and the last few years of the sample. Further, the time-series patterns are generally consistent with those presented in Jagannathan, Stevens, and Weisbach (2000) . This evidence suggests that our repurchases measures, while not employing the actual reported values from Compustat, is a reasonable compromise, particularly considering that our measure is entirely consistent with the reported CRSP total returns.
In Table 1 , we present average cash dividend and repurchase yields, separately, for each of the 30 firms under consideration. 4 Several interesting cross-sectional patterns emerge in the relative importance of cash dividends and repurchases across our asset menu. First, small capitalization firms exhibit lower relative cash dividend payouts relative to large firms. The average cash dividend yield for small firms is, on average, only 0.56% per quarter, whereas large firms have an average cash dividend yield of 0.93% per quarter. This is consistent with the idea that small firms retain more cash for investment. Interestingly, however, small firms do exhibit somewhat relatively larger repurchase yields at 0.25% per quarter versus 0.16% per quarter for large firms. On net, the total payout (cash dividends plus repurchases)
is still significantly larger for large capitalization firms. Second, low book-to-market firms exhibit considerably lower cash dividend and repurchase yields relative to high book-tomarket firms. Low book-to-market firms have a cash dividend yield of 0.58% per quarter and a repurchase yield of 0.13% per quarter. In contrast, the comparable measures for high book-to-market firms as 1.10% and 0.31% per quarter respectively, suggesting that so-called "value" firms, with potentially fewer growth opportunities, do indeed disburse a great deal more of their cash, in both dividend and repurchase form. We also observe some payout differences across industries. For example, the financials industry has a cash dividend yield of 1.50% per quarter with a repurchases yield of only 0.09% per quarter. In contrast, the chemicals industry appears to have a relatively large payout in both forms. The largest repurchases yield is associated with the non-durables goods industry at 0.21% per quarter.
The cross-sectional cash dividend and repurchases payout characteristics detailed above only reflect time-series averages across a half century of experience. Importantly, we know (see Figure 1 ) that the relative employment of these payout avenues has changed through time. For the extreme size (S1 and S10) and book to market (B1 and B10), Figure 2 shows time-series plots of the cash dividend and repurchases yields. As can be seen, in all cases, repurchases have become an increasingly important component of a firms payout strategy over time relative to cash dividends; however, this is considerably more pronounced for small and high book-to-market firms.
Portfolio Earnings
Finally, we consider an third measure of equity cash flow, by appealing directly to corporate earnings levels. In small samples, corporate earnings are admittedly not a precise measure of the exact payout to which equity holders have claim. Our conjecture is, however, that the long-run economic forces affecting overall cash payouts are the same as those affecting long-run corporate earnings, allowing us to detect low-frequency cash flow exposures. We view this issue as primarily an empirical question. If the long-run exposures to aggregate economic fluctuations are evident in cash dividends, dividends plus repurchases, and directly in corporate earnings, we have detected a risk source that is extremely important for understanding cross-sectional variation in expected returns. This would suggest that long-run economic risk spans several reasonable candidate measures for equity payouts, and most importantly, is unaffected by high-frequency noise in their measurement, which is known to plague both earnings and cash payouts. Further, this evidence would suggest that earnings and/or payout management is also a high frequency issue, and long-run economic risk affects the profitability of all firms regardless of short-run corporate strategy.
To explore this issue, we extract an earnings measure for each portfolio from Compustat.
Quarterly Compustat earnings data are only available from 1962-2001; nevertheless, this sample still facilitates a important cross-check of the portfolio-specific exposures to long-run economic risk. In collecting the earnings data, we must first impose some initial screens. In order to be included in the calculation of portfolio earnings, firms must meet the following criteria:
Have valid Compustat income before extraordinary items (Quarterly Data Item 8) as
of the end of the portfolio holding period, the month prior to the end of the holding period, or two months prior to the end of the holding period. That is, the firm must have had valid income before extraordinary items in the quarter of the holding period. 
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Designate the aggregate sum of earnings on all firms in a particular portfolio at time t + 1 as E agg t+1 . We construct the earnings yield for this portfolio as follows:
where, as above, n i,t is the number of shares outstanding and P i,t is the price per share for firm i (total number of firms equals N ), so that N i=1 n i,t · P i,t is the aggregate total market capitalization for the collection of firms in this portfolio. We assume that the investor holds this portfolio as a mutual fund that reinvests the capital appreciation, h 1,t . Similar to our dividend construction, the level of earnings consistent with the mutual fund investment that we use in the paper is
From this series, we construct quarterly levels of earnings by summing the level of earnings within a quarter. As above, we employ a trailing four quarter average of the quarterly earnings to construct the deseasonalized quarterly earnings series. These series are converted to real by the personal consumption deflator.
Since the union of the CRSP and Compustat sources are required to obtain portfolio earnings data, some firms are excluded. Hence, the size, book-to-market, and industry portfolios are slightly different from those constructed above. Also, given Compustat data limitations, we only measure quarterly corporate earnings over the 1965-2001 period. Hence, when we conduct cross-sectional regressions for the earnings-based risk measures, we will employ the associated average returns on the matched portfolios (and shorter time-period) presented here. In Table 2 , we present summary statistics for the real total returns and earnings growth rates of the exact portfolios of firms that satisfy the above criteria. First, the general pattern in observed average returns across portfolios are nearly identical to those reported in Table 1 over the full post-war period for the broader collection of firms. The ability to explain these relative size and value spreads is still a challenge.
There is one important issue to address with regards to the earnings construction. While dividends (with or without repurchases as we measure them) will never be negative, measures of real corporate earnings may fall below zero for any of our portfolios. Indeed, for the small size (S1) portfolio, the real earnings are negative for the first two quarters of 1991 and over the last year of our sample (2001) . Few of the other portfolios ever have negative values, except in the fourth quarter of 2001. In our empirical work, we measure the log growth rates consistent with the model specification, but given the (rare) appearance of negative values, earnings growth rates are constructed by taking the percentage change in the quarterly deseasonalized earnings series. For nearly all of our 30 portfolios, this is not an issue, and the cross-sectional regressions are not affected by the decision to employ log or simple growth rates. The earnings growth rates presented in Table 2 exhibit a considerably higher degree of volatility than the other two cash flow growth rate measures. In particular, the small firms and high book-to-market portfolios are very volatile. Note, however, much of this volatility is driven by the last two years of the sample when corporate earnings contracted sharply. If you exclude this period, earnings growth rate volatility is generally more in line (though somewhat still more pronounced) with the other cash flow growth measures. Most importantly, the inclusion of this period does not affect our cross-sectional estimates of longrun risk exposure, but does highlight the importance of high-frequency measurement issues, which are clearly pronounced during this period. Elevated earnings growth volatility makes the detection problem that much more challenging.
Estimation and Results
To explore the long-run relationship between consumption and our three candidate measures of cash flow growth (cash dividends, dividends plus repurchases, and earnings), we first estimate the dynamic processes described for consumption and cash flow growth rates.
Note that in estimation we remove the unconditional mean from all the cash flow and consumption growth rate series and use these demeaned series in estimating the dynamics of consumption and cash flow growth rates. We use GMM, and consider the following set of moment conditions for estimation. First, the consumption dynamics can be estimated using the moment conditions:
for j = 1 · · · J. This expression gives us J moment conditions associated with estimating the consumption dynamics. We estimate the cash flow growth dynamics with the following 15 moment restrictions:
for k = 1 · · · K, and l = 1 · · · L. The last moment condition estimates b i . This expression yields (K + L + 1) moment conditions for each cash flow growth under consideration, and J moment conditions associated with estimating the consumption growth dynamics. For N assets we consequently have J + N (K + L + 1) moment conditions and the same number of parameters. We will set J = 1, K = 8 and L = 8. In addition, we also consider the cross-sectional restrictions
The final two moment conditions ensure an exactly-identified system where the GMM based estimates for the relevant risk prices, λ 0 and λ c , are equivalent to those obtained under ordinary least squares. Taken together, this yields 2 + J + N (K + L + 1) parameters, and the same number of orthogonality conditions. To explore the separate contributions of the long-run and the contemporaneous exposures, we also consider the cross-sectional regression of average returns on γ i and b i .
With 30 assets and 4 parameters to characterize the cash flow growth rates, the dimension of the optimal GMM weight matrix would be at least 120 × 120, which is impossible to estimate given the number of time-series observations. In practice, since the joint optimal GMM weighting matrix becomes too large, we utilize the following weighting matrix for the calculation of standard errors:
That is, the weighting matrix is a block-diagonal matrix of the covariance of the moment 16 conditions. The resulting weighting matrix is HAC-adjusted following Newey and West (1987) . It is important to note that the standard errors on the time-series parameters for a given (univariate) dividend growth rate utilize the full GMM weight matrix-and hence are quite reasonable. The system associated with the estimating the risk prices is exactly identified; that is, the point estimates correspond to the OLS estimates. However, the standard errors for the risk prices, that is λ 0 and λ c , do not take account of the error in estimating the time-series parameters that go into the construction of the cash flow betas.
For this reason, we also report the Monte Carlo finite sample distribution for the t-statistic on the estimated risk prices and the cross-sectional R 2 that takes account of the estimation error of all the time series and cross-sectional parameters for all assets at the same time.
The details of this Monte Carlo are provided in the next section.
Empirical Evidence
For the purposes of estimation, we assume that the log consumption growth rate, g c,t , follows an AR(1) process; that is, we assume J = 1. The smoothed consumption growth,g c,t , is measured over eight quarters (K = 8); consequently, we assume an AR(8) for the shocks to the cash flow growth rate, u i,t (L = 8).
5 Additionally, we assume that γ i,k = γ i ∀ k.
Taken together, the dynamic process for the demeaned quarterly consumption and cash flow growth rate data that we consider:
In this case, the cash flow beta, β i,d , is determined both by the contemporaneous covariance between the cash flow and consumption shock, b i , and the effect the smoothed consumption growth rate has upon future cash flows, embodied in the coefficient γ i ; in both cases, the autoregressive nature of the processes magnify the effects accordingly.
6 Note, our results appear to be qualitatively robust to alternative choices for K and L.
For our first candidate measure of cash flows, cash dividends, the parameter estimates for this model are presented in Table 3 . Estimates of γ i for the characteristic-sorted portfolios are presented in Table 3 along with HAC-adjusted standard errors. As shown in the table, a clear pattern emerges in the projection of cash dividend growth rates on the smoothed average of lagged consumption growth rates. Sorting on market capitalization produces a pattern in γ i . For example, the small firm portfolio exhibits a covariance with smoothed consumption growth of 1.76 (S.E. 2.12) compared to 0.09 (S.E. 0.70) for the large firm portfolio. The pattern is most pronounced within the decile sort. Also, the book-to-market sorted portfolios produce large spreads in γ i ; the high book-to-market firms' sensitivity to smoothed consumption growth is 8.48 (S.E. 2.73) compared to 1.27 (S.E. 2.38) for the low book-to-market firms.
The pattern among industry-sorted portfolios is less identifiable. In untabulated results, we find that the pattern in the long-run exposure to consumption fluctuations is very similar across our other candidate cash flow measures: dividends plus repurchases and earnings.
This evidence suggests that exposures to long-run economic risk are evident in all our candidate measures of cash flow, and for this reason, we present the cross-sectional implications of these patterns below. Despite strong cross-sectional significance across all our cash flow measures documented below, the estimates of γ i are associated with large standard errors.
Monte Carlo evidence presented below confirms that the cross-sectional evidence is nevertheless robust even when accounting for the time-series imprecision of the long-run exposure,
We also present the contemporaneous covariance between the consumption and cash flow growth rate shocks, b i , in Table 3 . This parameter measures the immediate response of each asset's cash flow growth rate to an aggregate shock. For cash dividends, sorting on market capitalization and book-to-market produces a strong pattern in the contemporaneous relationship between consumption and cash dividend shocks. However, in untabulated results, this pattern is not pronounced for our other measures of cash flow, dividends plus repurchases or earnings. The contemporaneous covariances, b i 's, for these alternative measures are not consistent across candidate cash flow measures. This suggests that measurement noise and/or payout management is driving a wedge between the high-frequency relationships among cash dividends, repurchases, and earnings.
In Table 3 , we also document the sum of the autoregressive coefficients for the portfoliospecific cash dividend growth rate shocks (the evidence for the other cash flow measures are comparable). Many of these coefficients are reasonably large and significant. Additionally, the first order autocorrelation coefficient in consumption growth is estimated to be 0.25 (S.E. 0.07). Our estimates of the cash flow beta (see equation (17)) will utilize this serial correlation.
Finally, we also present the implications of the previously estimated parameters for the cash flow beta, β i,d , for each of the 30 portfolios implied by the cash dividends. This is a key parameter of interest, as it describes each portfolio's dividend response to an aggregate consumption shock. Further, according to the model presented above, this parameter is the sole measure of exposure to systematic risk which determines risk premia in the cross-section.
Accordingly, we will explore the ability of the cash flow beta to explain cross-sectional variation in average returns across the 30 portfolios. As can be seen in equation (17) measures. However, they continue to be consistent with the observed size and value spreads.
In the next section, we will explore, for each of our candidate cash flow measures, the ability of the cash flow betas (and their associated components b i and γ i ) to explain average returns.
Cash Dividend Betas and the Cross-section of Returns
In this section, we examine the ability of the cash flow beta, β i,d , to explain the cross-sectional variation of observed equity risk premia. Effectively, we perform standard cross-sectional regressions using the 30 decile portfolios (10 size, 10 book-to-market, and 10 industry). The estimated cross-sectional risk premia restriction is stated in equation (15) for the size, book-to-market and industry portfolio, respectively. Consistent with the large cross-sectional R 2 , the estimated cash flow beta can explain a considerable portion of the cross-sectional variation in measured risk premia associated with this set of portfolios.
To explore the small-sample features of our estimator, we conduct a simulation-based Monte Carlo analysis. The small sample distribution may be particularly important since the cash flow beta is not always precisely measured in the time-series. For most of the portfolios, β i,d is significantly different from zero, but the projection of cash dividend growth on lagged consumption growth, γ i , is generally not. Despite this issue, the cross-sectional price of consumption risk, λ c , does appear to be estimated precisely with more than 50% of the cross-sectional dispersion in risk premia explained. Collectively, this requires more careful consideration, and in consequence, we consider an additional simulation based experiment to ensure that our results reflect the economic content of our model rather than random chance.
We conduct the following Monte Carlo experiment, in which we simulate 10,000 samples of quarterly measured aggregate consumption growth of the same size as is available in our sample 
whereρ c is the autoregressive parameter for consumption estimated in the data, andη c,t+1 is simulated from a normal distribution with standard deviation equal to σ η , which corresponds to the standard deviation of the consumption growth residual in the data. The simulated consumption growth rates and demeaned observed cash dividend growth rates are used to estimate the time-series parameters in equation (17). That is, we re-estimate the cash flow beta for each iteration as follows:
where each portfolio's demeaned cash dividend growth rate, g i,t , is the actual observed quantity for each portfolio, andg c,t is the 8-quarter smoothed simulated consumption growth rate. For each iteration, we then run the standard cross-sectional regression:
where R i,t is the observed real return for each portfolio. As the simulated consumption growth is independent of all the cash dividend growth rates, by construction, the population values of the cash flow betas, β i,d , are zero, and therefore the population value of λ c is also zero. This Monte Carlo experiment provides finite sample empirical distributions for the t-statistic on the estimated λ c and the adjusted R 2 for the cross-sectional projection. For each iteration, we store the HAC-adjusted t-statistic and theR 2 .
The results of this experiment are presented in Table 4 . The distribution for the HACadjusted t-statistic on the estimated price of risk, λ c , and the cross-sectional adjusted R 2 are presented in Panel A. The t-statistic distribution is essentially centered at zero (the population value) for both frequencies. This evidence suggests that our point estimates for λ c are statistically significant, as our estimated t-statistic of 2.41 is in the far right hand tail of the empirical distribution. These t-statistics are at the 95% quantile, which is consistent with a rejection of the null hypothesis that no positive cross-sectional relationship exists at the 5% confidence level. As additional evidence in favor of the relationship between the measured average returns and the cash flow beta, anR 2 of 53% is in the far right tail of the adjusted R 2 empirical distribution for these data, exceeding the 97.5% critical value.
Collectively, this experiment suggests that our empirical results reflect the true economic content of the estimated cash flow beta rather than random chance. In an economy in which asset returns and cash dividend growth are independent of consumption growth, the probability of observing these estimated magnitudes of λ c and the cross-sectionalR 2 is extremely low.
We also consider the relative contributions of the components that comprise the cash flow beta. In particular, we explore the cross-sectional regression in equation (20), replacing
with the estimate of the cash dividend exposure to long-run consumption fluctuations,
The results of this regression are presented in Panel A of Table 4 . As can be seen, the estimated "price of risk" associated with the long-run exposure, γ i , is both positive and significant, with a cross-sectionalR 2 of 53%, identical to the cash flow beta regression.
Note, if we assume that b i = 0 for all assets, the cross-sectionalR 2 's would be identical for
; that is, they would contain exactly the same cross-sectional information.
To explore this issue further, we consider the joint regression of average returns on both γ i and b i . For cash dividends, the risk price associated with the long-run exposure continues to be both positive and significant, whereas the contemporaneous covariance is statistically insignificant. Taken together, this evidence suggests that γ i provides the major contribution to the explanatory power of the cash flow beta. In other words, b i =0 might be a reasonable assumption, particularly if we are concerned that b i is contaminated by high-frequency noise.
We conduct an additional Monte Carlo experiment to explore the small-sample properties of these two alternative cross-sectional regressions and, in particular, the estimate price of risk on the long-run exposure, γ i , since it is known to be estimated with imprecision in the timeseries. As can be seen, the cross-sectionalR 2 of these regressions exceed the 97.5% critical value. Additionally, the t-statistics on the associated risk price exceed the 95% quantile.
The long-run exposure of cash dividends to consumption growth is the key factor explaining cross-sectional variation in average returns.
Alternative Cash Flow Measures and the Cross-section
As we have mentioned, the cash dividends associated with our asset menu represent only one of many possible payouts associated with the total return for the equity claim. For that reason, we perform the identical regression to those discussed above for our two alternative cash flow measures, cash dividends plus repurchases and earnings. First, we perform the same cross-sectional regressions using the 30 decile portfolios (10 size, 10 book-to-market, and 10 industry) detailed above. For dividend plus repurchases, D 2,t , and earnings, E t , Table 4 , respectively. First, the estimated "prices of risk" associated with the long-run exposures, γ i , are both positive and highly significant, with a cross-sectionalR 2 of 42% for dividends plus repurchases and 27% for earnings. As before, we also consider the joint regression of average returns on both γ i and b i , estimated for our two alternative cash flow measures. For both D 2,t and E t , the risk prices associated with the long-run exposure continue to be both positive and highly significant across both cases, whereas the risk prices on the contemporaneous covariance are negative, but statistically insignificant. The inconsistency across cash flow measures in the contemporaneous measures highlights the difficulties associated with detecting risk at high-23 frequencies, particularly in the presence of significant measurement and management issues.
The detection problem is particularly acute for our measure of earnings growth. In sharp contrast, this evidence suggests that the exposure to long-run consumption risk, captured by γ i , is an extremely robust quantity, with considerable ability to explain the observed cross-sectional patterns in average returns across all our candidate measures for equity cash flows.
Economic Motivations
In this section, we explore the implications of extending the equilibrium model to facilitate more general preference specifications. In particular, for the time-nonseparable preferences developed in Epstein and Zin (1989) 
(EZ), the Intertemporal Marginal Rate of Substitution (IMRS) is
where the innovation in the return on the consumption asset is η rc,t and η c,t is the innovation in consumption growth. It is well recognized that the innovation to the return to the consumption stream, η rc,t , is endogenous to the model. For example, when consumption growth is assumed to be an AR(1) process with Gaussian innovations, equation (22) leads to a single-factor risk premium specification-we refer to this as Model 1. In Model 1, η rc,t is a scalar multiple of the consumption innovation (i.e, perfectly correlated with consumption innovations) and as shown below, the cash flow beta is sufficient to characterize risk premia across assets. An alternative model (called Model 2) that leads to a two-factor specification follows where consumption dynamics are also characterized by stochastic volatility. In this case, expected returns may be time varying. Further, we have a two-factor model and the average return on assets is also determined by the covariation with η rc,t . This model captures the intuition that the risk premia on different assets are determined by the risk associated with the cash flow beta and the exposure of assets to a factor that determines time-varying risks.
Model 1: Constant Risk Premia
In the first model, we derive implications for risk premia in an economy where the risk premia on all assets are constant. As in equation (4), consumption growth follows an AR process with lag length 1:
In this case, the innovation to the consumption portfolio is
. Substituting this expression into equation (22) With constant cost of capital, it is also straightforward to show that for any asset i, the return innovation is:
where, as before, the term β i,d η c,t + ζ i,t represents news about cash flows. The arithmetic risk premium on any asset, approximately, is determined by cov t (λ 1 η c,t+1 , e r i ,t+1 ), hence the risk premium is
In this model, the cross-sectional differences in risk premia are determined by the differences 25 in the long-run exposure of cash flows to consumption news.
The cross-sectional implications in equation (24) motivate the set of cross-sectional restrictions that we have explored in the previous section. Under these assumptions, the long-run exposure of cash flows to consumption news may be modeled using a VAR for cash flow and consumption growth. The resulting restriction on cross-sectional risk premia is
which follows from equation (24), with the average risk free rate being λ 0 and the price of risk for consumption λ 1 V ar(η c ) being λ c . Consequently, under this set of assumptions, risk premia in the cross section are driven only by the price of risk associated with risk inherent in aggregate consumption growth.
Model 2: Risk and Return with Time-Varying Risk Premia
To allow for the possibility that risk premia are time-varying, we begin by assuming that consumption growth innovations are characterized by stochastic volatility. In this setting, the innovation in the return to the consumption stream is given by
The terms η k,t correspond to the innovations in risk premia-for simplicity we assume that all the risk sources are uncorrelated. This can be motivated by a model that captures fluctuating consumption volatility as in Bansal and Yaron (2002) or can simply be viewed as a version of the ICAPM in Merton (1973) . The innovations to the returns on the consumption stream are not perfectly correlated with consumption innovations as in Model 1.
Consider the innovation in the return to any asset i, where the risk premium on the asset varies:
In addition to cash flow news, changes in expected returns also affect the return innovations. Consider the covariation in return innovations with innovations in the pricing kernel,
η rc,t , e r i ,t ). Given our assumptions above, this covariation implies that the risk premium can be (approximately) stated as
Economically, equation (27) captures the intuition that risk premia on assets are determined by the cash flow beta and by variables that may influence the expected returns.
This model also allows us to interpret the links between market betas and expected returns. Note that the market return innovation will also satisfy equation (26). Hence, the covariance between return innovations to an asset i and the market is
Note that across assets this covariance is a weighted average reflecting all risks: the cash flow risk, β i,d , and risks associated with expected return news. The market beta of an asset will also reflect a weighted average of these two individual betas. However, while each individual beta may be important (and significantly priced), a weighted average of the two betas may fail to appear to be a priced risk source, as each beta carries different prices of risks (see equation (27)). This is one potential reason why market betas may fail to explain the cross-section of average returns.
One way to evaluate this proposition is to consider a regression of the market betas on the cash flow betas. This regression provides a sense of how much of the market beta is driven by the cash flow beta. Since the residual from this projection would only approximately identify the weighted average term L β i,L var(η l ), it may not be useful in explaining risk premia across assets. That is, the portion of market beta that is orthogonal to cash flow beta may be insufficient to capture risk attributable to aggregate economic uncertainty. However, as we are able to identify β i,d separately, we can still infer the percentage of the cross-section of market betas that are driven by the cash flow betas.
Multi Factor Model: Estimation and Empirical Results
To consider the implications of the addition of the market beta to the cross-sectional explanatory power of the cash flow beta, we first must obtain a time-series estimate of the usual market beta. To do this, we augment the set of orthogonality conditions to include
where, to maintain parsimony in estimation as above, we also demean all returns and market betas are estimated asset-by-asset. In addition, we also consider the modified cross-sectional
Given the evidence presented above, we explore the separate effects of β i,m , γ i and b i for the all three candidate measures of cash flows. All standard errors for the prices of risk are, as before, HAC-adjusted.
In Table 5 (Panel A), we report the time-series estimates of the market betas (see equation (29)). As can be seen, the market betas, β i,m , are estimated in the time-series with precision. Additionally, it appears that the market betas across the market capitalization sorted portfolios exhibit a strong pattern in accordance with their observed average returns (a well-known result), but this is not true for the book-to-market sorted portfolios; the high and low book-to-market portfolios have very similar estimates of the market beta. The industry sorted portfolios display a less pronounced pattern, but the durable goods industry is associated with the largest market beta and does display the largest average return. In the cross-section, however, the estimated market price of risk, λ m , is not significant, and the adjusted R 2 is only 4%.
In Table 5 (Panel B), the results for the multi-factor specification are presented. As can be seen, the inclusion of the market beta into the cross-sectional regressions, does not dramatically affect the explanatory power of the long-run exposure, γ i . Estimated risk-prices for the market beta are not statistically different from zero in any case. For example, for the cash dividend measure, the estimated risk price associated with the market portfolio covariance, λ m , is 0.12, but with a HAC adjusted t-statistic of only 0.14. Conversely, the estimated risk price for the long-run cash dividend exposure, γ i , with respect to consumption is 0.09, with a HAC adjusted standard error of 2.81. The adjusted R 2 is 0.51, nearly identical to the R 2 observed above. This patterns are consistent across all three cash flow measures. Additionally, in no case is the contemporaneous covariance between cash flow and consumption shocks, b i priced, as documented above. Taken together, the evidence that the usual CAPM market beta, a weighted average of an asset's exposure to multiple sources of risk, does not do a particularly good job explaining the cross-section of observed returns is not particularly surprising. However, from the perspective of our model, the pronounced cross-sectional variation in exposure to long-run consumption risk is uniform across various candidate measures of portfolio cash flow. Further, as these exposures correspond to the observed average returns, the documented risk premia spreads across these portfolios does not appear to be particularly puzzling.
Long-run Aggregate Risk Factor Analysis
This paper differs from standard practice in the asset pricing literature in that risk measures are obtained by estimating covariances between cash flow measures and aggregate sources of risk. In contrast, the standard pricing framework retrieves risk measures from the covariance of returns with these sources of risk. In this section, we provide an analysis of the information contained in both the cash flow streams and the price appreciation of the portfolio for the cross section of returns. In particular, we examine a factor portfolio that captures the information in our cash flow risk measures, similar to practice in the asset pricing literature.
We first construct a long-run aggregate risk factor mimicking portfolio, R γ,t+1 , by weighting returns by the second column of
where γ represents the vector of estimated long-run risk exposures, γ i , presented above for cash dividends and dividends plus repurchases. We exclude earnings from this exercise given the shorter time span for which earnings data are available. Factor loadings for each of the 30 size, book-to-market and industry portfolios are calculated via time series regressions as follows:
The remaining models are obtained by regressing returns on the value-weighted market (CAPM), the per capita growth in consumption of nondurables and services (CCAPM), and the Fama-French risk factors (FF).
In Table 6 (Panel A), we present cross-sectional regressions of average returns for the 30 size, book-to-market and industry portfolios on alternative factor beta specifications. In order to further characterize the mimicking portfolio, we present two figures. Figure   3 presents a plot of the estimated γ i using the cash flow measure D 1,t against the factor mimicking portfolio loadings. As shown by the plot, the two risk measures display a strong positive relationship; the correlation between the two series is 0.74.
Conclusion
This paper documents a striking empirical observation. The long-run cash flow exposures to aggregate consumption shocks across assets can explain a significant component of the cross-sectional variation in observed average returns across a challenging collection of size, book-to-market, and industry sorted portfolios. We measure cash flow betas by estimating the joint time-series dynamics for both aggregate consumption and portfolio specific cash flow growth rates using a VAR; however, we find that the long-run cash flow exposure implied by this specification is the key determinant of risk for all cash flow measures. In fact, the cash flow beta is equivalent to this long-run exposure if we assume, that the contemporaneous relationship between cash flow and consumption growth is insignificant (as it appears to be empirically). This assumption may be appropriate due, for example, to excessive highfrequency measurement noise.
Finally, we describe a model which allows for time-variation in both expected consump-tion growth and aggregate uncertainty, for which each risk source will require a distinct price. Under this specification, it is not surprising that the usual market beta, as a weighted average of an asset's exposure to these potential sources of risk, does not do a particularly good job explaining the cross-section of observed returns. From the perspective of our cash flow beta model, the pronounced cross-sectional variation in average returns across these portfolios does not appear to be particularly puzzling. Our model captures the economic intuition that cash flows of different assets, however measured in practice, have different long-run exposures to fluctuations in aggregate consumption, and that this exposure has considerable capacity to explain differences in mean returns across assets. Table 1 presents summary statistics for the data used in the paper. The table presents real mean returns and cash flow growth rates for a set of 30 portfolios. Portfolios are sorted into deciles on the basis of market capitalization (s1-s10), book-to-market (b1-b10), and ten industry groups (i1-i10). Summary statistics for two measures of cash flow growth, D1, the growth rate in dividends paid and D2, the growth rate in dividends plus repurchases, are presented. The final columns depict the average dividend and repurchase yields for the portfolios. Data are sampled at the quarterly frequency over the period 1949.2 through 2001.4 and are converted to real using the PCE deflator. Table 2 presents summary statistics for the earnings data used in the paper. The table presents the mean and standard deviation of arithmetic growth rates in earnings for a set of 30 portfolios. Portfolios are sorted into deciles on the basis of market capitalization (s1-s10), book-to-market (b1-b10), and ten industry groups (i1-i10). Data are sampled at the quarterly frequency over the period 1965.2 through 2001.4 and are converted to real using the PCE deflator. 
where g c,t+1 represents the demeaned growth rate in aggregate consumption and g i,t+1 represents the demeaned growth rate in the dividends paid on portfolio i. The parameter κ i,1 represents a constant of approximation in the Campbell and Shiller (1988) Table 4 presents cross sectional regressions of average returns for 30 portfolios on the long-run beta, β d,i developed in the paper: errors. We also present the distribution of the t-statistics for the test H 0 : λc = 0 and theR 2 generated by a Monte Carlo experiment of 10,000 replications. In the Monte Carlo, we simulate the demeaned consumption growth rate whereρc is the autoregressive using the AR(1) parameter and standard deviation of the residual in the data. Simulated consumption growth rates and observed dividend growth rates are used to generate the trailing moving sum of growth rates used in the estimation of γ i , estimate the time series parameters in model (9) and the cross-sectional parameters in the above specification. Table 5 presents cross sectional regressions of average returns for 30 portfolios on the long-run beta, β d,i developed in the paper:
Panel A depicts GMM estimates of betas using quarterly real returns data. In Panel B, cross-sectional regression results are presented for various cash flow measures; data cover the period 1949-2001 in the case of D1 and D2 and 1965-2001 in the case of E. Parameters are estimated via ordinary least squares (OLS); t-statistics are computed with HAC-adjusted standard errors. Table 6 presents cross-sectional regressions of average returns for 30 portfolios on alternative beta specifications. Betas for the models designated D1 and D2 are calculated via time series regression:
where R γ,t+1 represents a factor mimicking portfolio constructed by weighting the returns by the second column of ω = (γ γ) −1 γ where γ represents the vector of in sample estimated γ i above. The remaining models are obtained by regressing returns on the value-weighted market (CAPM), the per capita growth in consumption of nondurables and services (CCAPM), and the Fama-French risk factors (FF).
Figure 1 presents aggregate dividends and repurchases. Dividends are calculated as D 1,t+1 = y 1,t+1 V 1,t , where y 1,t+1 represents the dividend yield on the aggregate market at time t + 1 and V 1,t represents the entry value of the market. Repurchases are calculated by subtracting D 1,t+1 from the quantity D 2,t+1 = y 2,t+1 V 2,t , where V 2,t represents the adjusted market value from:
h 2,t+1 = P t+1 P t · min n t+1 n t , 1 and y 2,t+1 = R t+1 − h 2,t+1 . 1950 1955 1960 1965 1970 1975 1980 1985 1990 1995 Figure 3 presents a scatterplot of the risk measures of the 30 portfolios used in the paper. The scatter plot represents a plot of γ i against the factor loading, β i for the portfolio. γ i is estimated as a regression of the growth rate in the cash dividend series, D 1,t , on the trailing eight-quarter moving sum of aggregate consumption growth. β i is estimated as the projection coefficient from a regression of the return on asset i on the D 1,t factor mimicking portfolio.
Figure 2: Cash Flow Yields by Characteristic
